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ABSTRACT
We present ERICA, a digital personal trainer for users performing
free weights exercises, with two key differentiators: (a) First, un-
like prior approaches that either require multiple on-body wearables
or specialized infrastructural sensing, ERICA uses a single in-ear
“earable" device (piggybacking on a form factor routinely used by
millions of gym-goers) and a simple inertial sensor mounted on each
weight equipment; (b) Second, unlike prior work that focuses primar-
ily on quantifying a workout, ERICA additionally identifies a variety
of fine-grained exercising mistakes and delivers real-time, in-situ
corrective instructions. To achieve this, we (a) design a robust ap-
proach for user-equipment association that can handle multiple (even
15) concurrently exercising users; (b) develop a suite of statistical
models to detect several commonplace repetition-level mistakes; and
(c) experimentally study the efficacy of multiple in-situ corrective
feedback strategies. Via an end-to-end evaluation of ERICA with 33
participants naturally performing 3 dumbbell-based exercises, we
show that (a) ERICA identifies over 94% of mistakes during the first
5 repetitions of a set, (b) the resulting feedback is viewed favorably
by 78% of users, and (c) the feedback is effective, reducing mistakes
by 10+% during subsequent repetitions.
CCS CONCEPTS
• Computer systems organization → Sensors and actuators; •
Information systems → Mobile information processing systems.
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1 INTRODUCTION
Wearable or infrastructure sensors have been widely proposed for au-
tomated tracking and analysis of individual-level exercise activities.
However, most of the current commercial fitness apps and research
prototypes focus on coarse-grained quantification (e.g., number of
exercise sets performed), and do not attempt to identify fine-grained
mistakes or provide real-time, personalized feedback[21].
To obtain personalized guidance during workouts, either at gyms
or at home, individuals traditionally rely on personal trainers. Access
to such training is, however, expensive, not universally available,
and requires prior scheduling. In this paper, we investigate the fea-
sibility of creating an alternative and convenient pervasive system,
capable of offering personalized, real-time corrective feedback to
individuals during workouts. Most of the recent approaches for
exercise monitoring have well-acknowledged adoption challenges:
(a) vision-based technologies [20, 47] have privacy and occlusion
concerns, especially in a multi-user gym environment; (b) on-body
wearables [29, 53] often cause discomfort while exercising and re-
quire excessive instrumentation to track a wide range of exercises;
and (c) wireless sensing approaches [10, 51] often perform poorly
in multi-user scenarios. In addition, such work is largely silent on
the feasibility of identifying specific fine-grained mistakes and the
consequent ramifications on offering effective, real-time feedback.
Given these observations, we propose a virtual personal trainer
system that (a) is pervasive, low-cost and unobtrusive, (b) faces
significantly lower adoption challenges, (c) is capable of perform-
ing real-time mistake detection and generating effective corrective
feedback to users performing free-weight exercises, and (d) can han-
dle gym environments where multiple users work out concurrently
using shared equipment interchangeably. We focus on free weight
exercises and mistake detection therein, as (a) commercial solutions,
involving instrumentation of larger gym equipment (such as tread-
mills and stair climbers), already exist for cardio activities, (b) most
gym injuries involve free-weight exercises (accounting for 90.4% of
weight training-related injuries in the U.S [19]), and (c) mistakes in
exercise execution are the primary cause of training injuries [13].
We develop a practical system, ERICA1, that supports fine-grained
tracking of an individual’s exercise via a combination of (a) sensors
on personal wireless ear-worn devices (‘earables’) and (b) inexpen-
sive inertial sensors attached to non-personal exercise equipment.
The choice of the earable is key to the practical appeal of our system:
(i) it is the most popular wearable device and widely used while
workouts, thereby significantly lowering the adoption barrier, and (ii)
it can directly support auditory feedback to individuals. However, the
earable’s in-ear location is a formidable hurdle, as exercise-related
motion dynamics are highly muted inside the ear. Accordingly, our
1Acronymized from “Earable-based Repetitive-Exercise InstruCtional Assistant"
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major innovation is to demonstrate how such earable-based sen-
sor signals can be combined with on-equipment sensors to achieve
fine-grained tracking of exercise mistakes.
Key Challenges:
• Associate individuals to specific gym equipment: To support indi-
vidual tracking in a multi-user setting like a gym, it should first
automatically establish an association between an individual’s
earable and the shared gym equipment that she is currently using.
This is especially important for equipment such as dumbbells,
which individuals use sporadically, often interchangeably across
sets; moreover, their small form factor makes it onerous to per-
form manual association. The lack of a dominant sensor signal
from the earable aggravates this problem further. Figure 1 plots
the accelerometer signal from both the earable and dumbbell for a
user performing Bicep Curls. Because the visibly periodic motion
pattern in the dumbbell sensor is almost invisible in the earable,
an intuitive approach, based on temporal correlation of the ac-
celerometer signal, achieves only < 18% association accuracy in
the presence of just 4 concurrently-exercising individuals.
• Identify commonplace mistakes from underlying sensor data: Un-
like past work which has focused on exercise classification (e.g.,
distinguishing between a bicep curl and a triceps extension), we
need to also identify the fine-grained mistakes in individual ex-
ercises. Such mistakes are typically manifested through much
less-perceptible micro-motion artifacts, with many mistakes (e.g.,
excessive body swing) expressed only in terms of the relative
motion of the body and the weight equipment. Moreover, mistakes
have high variability across individual repetitions. Figure 2 illus-
trates the gyroscope signals for both the earable and dumbbell
with manually annotated mistakes, for a representative bicep-curl
set and a tricep-extension set. While distinguishing between the
two exercise types is straightforward, establishing a robust set of
features for mistake classification is certainly more challenging.
• Providing Timely and Accurate Feedback: ERICA’s desire to pro-
vide in-situ, real-time feedback generates a design tradeoff be-
tween higher accuracy and lower response latency. As an example,
while an ML model for exercise classification has an accuracy
of 93.7% (over 6 distinct exercises) when applied over an entire
10-repetition exercise set (each repetition lasting ∼ 2.5secs), this
accuracy degrades to 83.2% and 88.7% respectively when applied
to the first 2 and 4 repetitions, respectively. Moreover, the fre-
quency of feedback must conform to human preferences, being
infrequent enough not to be annoying while also being timely
enough to foster corrective action by the user.
Key Contributions: We shall demonstrate a practical ERICA sys-
tem, that solves the challenges above to function as an effective
personalized exercise coach, by fusing sensor data from both per-
sonal earables and non-personal devices attached to shared gym
equipment (dumbbells). We make the following key contributions:
• Robust User-Equipment Association: We develop robust tech-
niques for determining the correct association, in a multi-user
setting, between an individual’s earable and the dumbbell(s) that
she is using. The techniques combine frequency-domain features
with additional temporal features, derived from the underlying
accelerometer & gyroscope sensor data streams. Via empirical
studies with 12 users, we show that the association is (a) accurate,
achieving 88.9% correct pairing even with 6 concurrent users
(with a start time spread out randomly over 10 secs), (b) robust,
holding over 70% accuracy even when some individuals have no
earable devices, and (c) reasonably low-latency, achieving ≈70%
association accuracy using data from just 4 repetitions.
• Exercise Classification & Fine-grained Mistake Detection: We
first utilize ML-based models for accurate exercise classifica-
tion (96.85% accuracy, over 3 popular dumbbell-based exercises).
Subsequently, we develop a suite of statistic models taking the
combined dumbbell and earable sensor data to identify a range of
common per-repetition mistakes (related to incorrect dynamics of
the wrists, limbs and torso, per expert’s guidelines) for the 3 cho-
sen free-weights exercises. For 33 users, our techniques identify 5
different mistakes with an average precision=0.90 and recall=0.94.
• Establishing the Efficacy of ERICA-based Feedback: We evaluate
the effectiveness of ERICA-generated personalized, corrective
feedback, with 33 users naturally performing 3 different exercises.
We study the effectiveness of three different feedback strategies
(during an exercise set, at the end of an individual set and after all
sets are over), examining the impact that the feedback timeliness
has on the interplay between the feedback accuracy and its efficacy.
We show that providing intra-set feedback provides a judicious
balance of accuracy, effectiveness and user acceptance–ERICA
identifies 94.4% of mistakes during the first 5 repetitions, and
the resulting feedback is favored by 78% of users and results in
10% less repetition-level mistakes for the remaining repetitions.
Moreover, we show that ERICA can provide low-latency feedback
(<2.5 secs after the end of the observation period), even when it
processes (earable, dumbbell) data from up to 15 concurrent users.
2 RELATED WORK
We describe prior works on sensor-based exercise activity recogni-
tion, ear-worn sensing for activity recognition and real-time inter-
vention during exercises.
Exercise Activity Recognition: Prior work on exercise monitor-
ing [5, 10, 28, 40, 53] primarily targets the offline quantification
of various aspects of an exercise activity. In contrast, ERICA en-
ables a virtual personalized exercise coach by capturing exercise
activities and the mistakes committed, in real-time, of individuals
exercising concurrently in a gym. For assessing exercise charac-
teristics, researchers have explored the use of strapping wearable
sensors to different body parts [7, 8, 25, 27, 29, 39, 53], IoT sensors
attached to exercise equipment [10, 35, 37], WiFi systems [15, 51]
or video-sensing [16, 17, 47]. In this work, we propose a hybrid
architecture that combines data sensed from earable devices (which
is a less-obtrusive wearable) and IoT sensors on exercise equipment.
FEMO [10] uses passive RFID tags on dumbbells to track free-
weights exercises. They assess the quality of exercises performed
individually, but their performance in multi-user environments is
questionable due to the likely significant impact on RF propagation.
The recently proposed LiftRight system [27] utilizes an arm-worn
inertial sensor to quantify the performance of three different weight
training exercises. Other exercise sensing systems instrument the ex-
ercise mat [42] or the floor [12] to recognize the exercise and count
the repetitions. Jarvis [35] and W8Scope [37] monitor exercises
performed on weight stack machines using IoT sensors attached to
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(a) Dumbbell acceleration (b) Earable acceleration
Figure 1: Association challenge (signals from Bicep Curls)
(a) Bicep Curl with drift in range
of motion
(b) Triceps Extension with un-
wanted head motion
Figure 2: Mistakes challenge: gyroscope data for 2 exercises
the machine. While Jarvis provides real-time feedback on muscle
activation through a VR headset, it does not identify specific exer-
cising mistakes. W8Scope identifies common mistakes made while
performing weight machine exercises in an offline fashion and does
not offer real-time feedback. Guo et al. [15] propose an approach
using WiFi CSI information to characterize workout activities and
identify individuals exercising in a shared space.
Closest to our work in terms of identifying mistakes, Velloso
et al. [47] proposed a model-based approach that uses a Kinect
sensor for tracking the body motion during weight lifting exercises,
and comparing it to a predefined specification to generate real-time
visual feedback. Kowsar et al. [22] proposed an approach that first
derives a prototype of “correct" execution of the exercise and then
identifies deviations from it to detect anomalies. More broadly, many
commercial fitness apps(e.g., Coach’s Eye [45], Trackmyfitness [48],
JEFIT [18]) and wearable devices (e.g.,Apple Watch, Nike Fuelband,
Samsung Watch Active2) provide quantification of certain exercises,
but do not support fine-grained tracking of exercise mistakes.
Earable-based Activity Recognition: While prior works have ex-
plored the use of ear-worn microphones to capture chewing [1] and
eating [4], relatively little work exists on the use of ear-worn inertial
sensors for complex activity recognition. Atallah et al. [3] proposed
using an ear-worn accelerometer for gait monitoring on a treadmill.
Nirjon et al. [30] proposed MusicalHeart which uses ear-worn sen-
sors to monitor heart rate and provide music recommendation. Gil
et al. [14] developed a prototype of an ear-worn device that mea-
sures cardiovascular and sweat parameters. Recently, researchers
have explored the potential of in-ear sensing for step counting [33],
head-motion tracking [11] and breathing rate monitoring [38].
Real-time Interventions during Exercises: Prior research [2, 50]
report that motivating statements and/or instant feedback during
exercise are beneficial. They proclaim that identifying the contribu-
tions of various aspects of feedback such as the quality, modality,
and immediacy are open questions. Prior works have used smart-
phones [32, 41], on-body sensors [26, 34, 47], Kinect [24] to provide
feedback on the quality of repetitions or overall exercise execution.
However, these approaches are inconvenient and do not evaluate the
interplay between the efficacy and accuracy of corrective feedback.
3 SYSTEM OVERVIEW
We envision a low-cost system to serve as a virtual personal trainer
for individuals, including in multi-user gyms, by tracking each indi-
vidual’s free-weight exercise activity and providing in-situ corrective
feedback. Our system should feature the key properties below:
Dynamic multi-user, multi-equipment support: In a gym where
multiple users are working out concurrently, our system should
unobtrusively pair each user with his/her own virtual personal
trainer, even under frequent switches between different exercise
Figure 3: (a) System architecture and (b) sensor placement
equipment/exercise types. Note that our goal is inclusive of, and
more challenging than a virtual trainer for home exercises; our
choice of public gyms does not allow us to conveniently assume a
pre-established single-user ownership of equipment.
Unobtrusive, low-cost instrumentation: For maximal and natural
adoption by typical exercisers at a gym, our system should neither re-
quire excessive on-body instrumentation beyond what they normally
wear at gyms, nor collect excessive activity information (especially
from non-consenting participants) that may elevate privacy concerns.
Fine-grained mistake detection: To act as an effective personal
trainer, ERICA must go beyond just recommending exercise routines
and monitoring conformance. Indeed, personal trainers are valued
most highly for their ability to correct seemingly minor mistakes
in limb, body and posture dynamics, as such corrections are key to
maximizing workout effectiveness and reducing injuries.
Timely and moderate feedback: We argue that when and how
often to provide feedback involves non-trivial tradeoffs between the
feedback accuracy, user preferences, and persistence of the corrective
effect following a feedback. After uncovering and parameterizing
such tradeoffs, our system should be capable of implementing a
feedback regime that is (a) effective and actionable, in terms of
remedying mistakes, and (b) usable, in terms of user acceptability.
3.1 Overall Architecture and Workflow
To realize ERICA, a virtual personal assistant in public gym environ-
ments with the key properties listed above, we propose a practical
and affordable system architecture where each exercise equipment
(e.g., dumbbells, barbells) is equipped with cheap IoT sensor de-
vices and the individuals exercising in the gym are using earable
devices embedded with sensors. We emphasize the conscious choice
of earables as the wearable platform, as the key to ensuring broader
acceptance and adoption of ERICA.
The architecture of ERICA, as illustrated in Figure 3(a), consists
of the frontend modules for sensing and feedback, and the back-
end modules for analytics. The frontend sensors (see Figure 3(b))
include (a) the personal earables each of which exclusively senses
the owner’s physical activity, and (b) the non-personal IoT sensors
attached on each free-weight equipment (e.g., a dumbbell), which
sense the equipment motion caused by the (a-priori unknown) user
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presently using the equipment. The backend modules run at a server,
processing the sensor streams from every earable and on-equipment
sensor. Specifically, the backend modules perform:
(1) Repetition Segmentation: The repetitions of a user doing free-
weight exercise form the basic primitives for the subsequent
steps of ERICA-based analytics. The technical approach for
repetition segmentation is discussed in Section 5.1.
(2) Association: Due to the reality of shared equipment being used
interchangeably by multiple users, ERICA cannot assume an
a-priori association between an individual’s earable and the
free-weight equipment she is currently using. Instead, ERICA
infers this association between multiple earable and equipment
sensor streams, based on the anticipated momentary kinematic
correlation between the body/head motion and the motion of
the corresponding equipment. Section 5.2 through 5.3 detail the
challenges, our methodology, and performance of association.
(3) Exercise Type Identification: For each user-equipment pair, ER-
ICA classifies the free-weight exercise type, taking advantage of
the combination of earable and IoT sensor data to achieve high
accuracy. This is an essential prerequisite to detecting exercise-
specific mistakes and providing relevant feedback. Section 6
discusses the approach and classification performance.
(4) Mistakes Detection: ERICA features a number of exercise type-
specific mistake detection models, where the set of important
mistakes is curated by a kinesiology expert and the models
are trained with real-world data containing mistakes naturally
performed by exercising individuals. Section 7 details the model-
building process and performance.
(5) Feedback Generation: Upon a mistake, ERICA delivers proper
auditory feedback to the individual’s earable in soft real-time.
Through real-world user studies, Section 8 demonstrates the
timeliness and efficacy of different feedback strategies.
Lastly, we demonstrate the end-to-end performance of ERICA in
Section 9 under semi-real workloads. Due to the COVID-19, we
were barred from accommodating concurrent participants at our ex-
periment site. Instead, we virtually emulated concurrent situations by
replaying the real individuals’ sensor traces (obtained from dataset
D4, described in Section 4), and varying parameters such as the
individual start times and the number of concurrent users.
4 REAL-USER DATA COLLECTION
For ERICA to operate in-the-wild, it is crucial to build and fine-tune
its models upon real datasets from actual free-weight exercises. We
conducted multiple data collection sessions with a total of 48 exer-
cisers of varying demographics and proficiency levels, performing
multiple types of free-weight exercises in various settings.
For sensor data collection, we used (i) eSense Earable device2
and (ii) an IoT device (DA14583 IoT Sensor) [9], both providing
accelerometer and gyroscope. Due to the lack of direct connectivity
between BLE (Bluetooth Low Energy) devices and backend servers,
we improvised a bridge using custom Android apps that forward
the incoming sensor data via BLE. As per sensor specifications, we
sampled the sensor data at 20 Hz and 10 Hz from the earables and
the IoT sensors respectively. For ground-truth labeling, our Android
2eSense– http://www.esense.io/
Table 1: Summary of exercise dataset collected
D1 D2 D3 D4
No.of users 12 (8M, 4F) 2 males 8 (5M, 3F) 33 (24M, 9F)
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Varied from 2 to 4
2 users only (374 sets)
3 users only (162 sets)







44 sets 120 sets 396 sets
Simulated 4 mistakes per
mistakes NA NA exercise NA
Weights used 1.5-6kg (dumbbells) 3-10kg 1.5-3kg 1.5-4kg
Avg session
duration 48 minutes 22 minutes 28 minutes 25 minutes
(a) Biceps Curls (b) Lateral Raises (c) Triceps Extension
Figure 4: Bottom and top positions for three exercises
app supports a user interface for our staff to annotate the exercise
types, the set counts, and the amount of weight being lifted.
All the user studies are approved by our Institutional Review
Board. The consenting subjects of the study visited the gym and were
first briefed about the study procedures. The participants were given
the eSense earable device. All exercise sessions were video recorded
to enable subsequent ground truth annotation. Each participant was
given a monetary compensation of $10.
Below, we outline our 4 data collection sessions, each generating
the dataset D1, D2, D3, and D4 respectively. Table 1 summarizes
each dataset and the following subsections describe the objective,
user demographics, and notable observations of each dataset.
4.1 D1: Base Dataset
D1 is the first collected dataset from 12 (4F, 8M) participants. We
intended D1 to be the base dataset that captures typical multi-user
free-weight exercise situations. All participants lifted weights of
their choices at their own paces, performing 3 sets (10 repetitions
each) for each of the 6 free-weight exercises listed in Table 1. As for
the association problem, note that it is possible to produce concurrent
exercise situations for offline analytics by relocating individually
collected sets to be at the same point of time. However, to incorpo-
rate potential human factors during actual group exercises, we also
collected data from actual concurrent exercise situations in which
2-4 participants worked out together.
4.2 D2: Additional Diversity
D2 is a small dataset that we collected to add diversity to D1 in terms
of body posture, heavier weight, equipment, and extra exercise types.
Two experienced participants were invited to perform 3 sets of 10
repetitions for each of new 6 exercises, as shown in Table 1. These
exercises include “seated" or “lying down" postures, as opposed to
the uniform posture of “standing" in D1. Some of these exercises use
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Table 2: Key metrics for determining the correctness of exercise
execution and the taxonomy of corresponding mistakes






(Lower the weight only half-way)
IC_ROM (Not extending the
arms fully during upward
movement phase.)
IC_ROM (Not raising the
dumbbell to the shoulder






ROMDRIFT (Drift in range of
motion of the exercise)
POSDRIFT (Drift in the exercise
starting and ending positions.)
ROMDRIFT (Drift in range of
motion of the exercise)
POSDRIFT (Drift in the exercise
starting and ending positions.)
ROMDRIFT (Not being
consistent across the reps in
fully extending the arms.)





WR_CURL (Curling the wrists)
HR_CURL (Performing Hammer
Curls instead of Bicep Curls.)
MOTION (Swinging the upper
body backwards at the start of the
upward movement phase.)
MOTION (Swinging the body
to move the dumbbell upwards
during the upward movement
phase.)
ELBOW_SWING (Elbow pointing
away, or arm moving away from
the body when performing the
exercise.)
MOTION (Swinging the
head during the upward
movement phase.)
barbells instead of dumbbells. We purposely curated some exercises
with similar dumbbell kinetics (e.g., Squats and Deadlifts) to later
evaluate our system in challenging conditions. In addition, they
performed 2 sets of 8 reps each of both Biceps Curls and Lateral
Raise exercises with heavier weights (both 10kg and 14kg).
4.3 D3: Emulated Mistakes
Dataset D3 is intended to help develop the mistake detection model.
First, we consulted an expert kinesiologist to learn about the common
types of mistakes and identify actual mistake examples from our
existing dataset. The kinesiologist examined a subset of our ground
truth videos (a total of 36 sets from 4 participants) from D1 and D2,
and annotated every repetition with any mistakes involved therein.
Overall 42% of the sets had at least one mistake.
More specifically, Table 2 presents a structured view of our key
findings with the kinesiology expert. The 1st column lists the key
metrics for identifying the correctness of exercise execution, as un-
derlined by the expert. Also, the 1st row lists the top-3 exercise types
in which the expert identified most mistakes from our ground truth
videos. In essence, the body of Table 2 tabulates specific mistake
types each of which deviates from a certain correctness metric for
each exercise type. Figure 4 illustrates these 3 target exercises.
Due to practical limitations, we could not have our entire datasets
annotated by the expert for mistake identification. Instead, we col-
lected a new dataset D3 in which mistakes were emulated under
controlled protocols per criteria given by the expert. We recruited 8
participants of varying heights (153 cm to 180 cm); they watched
demonstration videos obtained from a Sport Institute, in which a
professional trainer showcases the correct repetition as well as the
mistakes. Once they learned both ‘correct’ and ‘mistake’ examples,
each participant was asked to perform one set correctly followed
by 4 sets with emulated mistakes as shown in the videos. To ensure
the desired amount of range of motion (ROM), the participants per-
formed repetitions next to a wall with a large angle meter printed on
it and precisely controlled their motion to follow a desired arc.
4.4 D4: Live Deployment Dataset
After ERICA’s modules are built, we deployed ERICA to 33 partici-
pants (9F, 24M) for a user study with live exercises and corrective
feedback provided in-situ. We make available a subset of this dataset
(D4) for public access3. This user study was conducted “live", where
3https://github.com/ericasensys/erica-dataset
Figure 5: Dumbbell raw acceleration data for Biceps Curls:
start & end positions (red dotted lines) annotated.
(a) Dumbbell accelerometer data (b) Earable accelerometer data
Figure 6: Dominant-axis raw acceleration patterns of two indi-
viduals concurrently performing Lateral Raises.
we evaluated (1) the mistake detection and feedback delivery perfor-
mance, (2) the user preferences on different feedback timings, and
(3) the corrective effect to the subsequent repetitions / sets. Section 8
details the user study setup and results. In addition, D4 was also used
offline to emulate the end-to-end benchmark environments with a
variable number (up to 15, much larger than permitted in the gym)
of users. Section 9 details the simulated benchmark.
5 USER-EQUIPMENT ASSOCIATION
5.1 Segmenting Exercise Repetitions
We first segment the exercise data and identify the individual repe-
titions. As shown in Figure 5 for a set of Bicep Curls, a complete
repetition comprises two consecutive pairs of peaks and troughs.
The raw accelerometer signal from the dumbbell is bandpass-
filtered (with passband of 0.1–0.5 Hz), followed by bicubic upsam-
pling to the frequency of the earable signal. The individual peaks
are obtained by finding the minima/maxima of this signal, with spu-
rious peaks eliminated by mandating (based on empirical analysis
of dataset D1) both a minimum magnitude threshold (> 0.3) and an
acceptable inter-peak range (1.5𝑠𝑒𝑐 < inter-peak range < 6.0𝑠𝑒𝑐).
5.2 Association Challenges & Proposed Approach
Key Challenges: Associating a user’s earable with the specific non-
personal equipment that she is currently using is challenging. First,
the earable signals are often noisy and muted. Moreover, it is non-
trivial to disambiguate the sensor streams from individuals exer-
cising concurrently (especially as the number of concurrent users
increases), as their signals become very similar. Figure 6 shows that
the raw accelerometer patterns from dumbbell and earables, of two
individuals concurrently performing lateral raises, are quite similar.
Accordingly, a naïve approach of associating using the temporal
correlation between the pairs of {dumbbell, earable} sensor streams
performs quite poorly. Using dataset D1, we found that the simple
correlation-based approach achieved an association accuracy of only
{41%, 32%, 18%} for 𝑁={2,3,4} concurrent users, respectively.
ERICA’s Association Approach: Our enhanced approach uses a
combination of frequency-domain and temporal features to perform
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Figure 7: Association accuracy when
N={2,6,10} people exercise concurrently
with staggered start times
Figure 8: Association accuracy when
N={2,3,4} people perform the same vs
different exercises concurrently
Figure 9: Association accuracy across
the 6 different exercises for N={2,3,4}
people exercising concurrently
robust earable-equipment association. We first perform frequency
analysis of the sensor signals. We obtain the continuous wavelet
transform (CWT) of the accelerometer signals, similar to the idea
proposed in [36], at multiple scales.After CWT, we obtain a wavelet
coefficient matrix from both sensor streams of all exercising indi-
viduals, and then compute the distance correlation (a measure of
dependence between random vectors [43]) between all coefficient
matrix pairs.We also compute several pair-wise temporal features:
• Peak gap, which measures the similarity between the durations
of repetitions, as observed by the dumbbell and earable streams.
Formally, for any repetition, if (𝑡𝑑1, 𝑡𝑑2) represent the peak &
trough instants for the dumbbell and (𝑡𝑒1, 𝑡𝑒2) the correspond-
ing instants for a earable, then the dissimilarity of durations is
measured as the difference between the two intervals–i.e., 𝑝𝑔 =
(𝑡𝑑1 − 𝑡𝑑2) − (𝑡𝑒1 − 𝑡𝑒2). Intuitively, a correctly associated pair
should have a low peak gap. For a set of repetitions, we compute
the mean and std. deviation of these per-repetition differences.
• Peak alignment, which measures the synchrony of peaks observed
across the dumbbell and sensor streams. Formally, this measures
the difference between the corresponding peaks of a specific
repetition–i.e., 𝑝𝑎 = 𝑡𝑑1 − 𝑡𝑒1, which is then aggregated into
a mean and std. deviation statistic across the multiple repetitions.
Intuitively, a correctly associated pair should have a low 𝑝𝑎 value.
This set of wavelet-distance and temporal features are then com-
bined, as a normalized linear sum for each {earable-equipment}
pair. To identify the right associations, we utilize the Hungarian
algorithm [23] for bipartite graph matching, where the normalized
linear sum is used to define a ‘confidence score’ or ‘weight’ between
node pairs. Our matching logic is defined as a problem instance (de-
scribed by a matrix𝑊 ), where each𝑊 (𝑑, 𝑒) is the cost of matching
vertex 𝑑 of the first partite set (an equipment) and vertex 𝑒 of the
second set (an earable). The goal is to find a one-to-one assignment






𝑊 (𝑑, 𝑒) ∗ 𝑋 (𝑑, 𝑒), (1)
where 𝑋 (𝑑, 𝑒)=1 iff row 𝑑 is assigned to column 𝑒. This matching
technique can be extended with inexact bipartite matching for prac-
tical situations where not every exercisers wears an earable.
5.3 Performance of User-Equipment Association
We now evaluate how our proposed association approach performs
with naturalistic real world multi-user gym data. We study the as-
sociation performance under varying conditions of (a) the number
Figure 10: # of repetitions vs
Association accuracy
Figure 11: Association accu-
racy vs features, 𝑁 , reps
of concurrent users, (b) ‘same’ vs ‘different’ exercises performed
concurrently, and (c) a case when some users are without earables.
5.3.1 Overall Association Performance. We measure the asso-
ciation accuracy for 𝑁={2,3,4} users starting each set simultane-
ously and exercising concurrently. Using the 666 sets (i.e., 360, 162
and 144 sets of 𝑁={2,3,4}, respectively), we obtained an overall
association accuracy of 88.02%, 80.45% and 77.25% respectively.
Staggered Start Times: The above is a worst-case scenario, as
users are unlikely to begin each set at exactly the same time in
reality. In a realistic scenario, the 𝑁 users would exercise together
but with their starting times varying uniformly over a period 𝑇 . For
this, we varied 𝑇={0,0.5,1.0,2.0,5.0,10.0} secs and 𝑁={2,6,10} (by
random combinations from the participant pool of D1) and report
the average from 5 runs of the experiment. Figure 7 shows much
higher association accuracy, i.e., perfect accuracy for 𝑁=2 and ≈
89% for 𝑁=6 with 𝑇=10 secs.
We also study the association performance for a larger number
of concurrent users (e.g., 𝑁=50), which we believe to be an upper
bound for a relatively large gym space. We assume that a practi-
cal deployment of ERICA will include some form of region-based
localization (of the personal devices and dumbbells). For a reason-
able spatial resolution of 15×15 m space and with a minimum 2
m separation, there can be no more than 50 users in a region. For
this evaluation, we simulate multiple sets of data across the differ-
ent users to constitute the 50 users scenario. We assume that the
user start times are uniformly distributed over 𝑇=50 secs, approxi-
mating the time taken to complete a 10-rep exercise set (20 secs),
followed by an inter-set break time (30 secs). Based on 5 runs of the
experiment, we obtained an average association accuracy of 84.9%
(𝜎 = 8.91) across different exercise choices. This shows that ER-
ICA’s user-equipment association is reasonably robust to a larger
pool of concurrent users.
Dissimilar Exercises: The association accuracy is also affected by
the exact choice of exercise, as users performing different exercises
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Figure 12: Raw accel patterns from Dumbbell top row) and Earable (bottom row). Figure 13: Confusion Matrix for 6 Exercises
likely yield greater dissimilarity in their repetition dynamics and thus
be more easily separable. Figure 8 plots the association accuracy for
the 𝑁 users performing either “same" or “different" exercise sets.
Corroborating our intuition, the association accuracy is significantly
better (especially for 𝑁 = {3, 4}) when each user performed distinct
exercises, with an improvement of 8-10% across different exercises.
Accuracy Per Exercise: Figure 9 breaks down the association ac-
curacy for each of the 6 exercises. We observe that the 3 upper-body
exercises (biceps curls, triceps extension, lateral raises) had the low-
est performance, especially for 𝑁 > 2, as their movement dynamics
are comparably significantly less observable in the earable.
5.3.2 Association Performance vs. Number of Repetitions.
To achieve ERICA’s goal of real-time mistake analysis and in-situ
feedback, the association process should work with data from only a
few initial repetitions while the exercise is ongoing. In this light, Fig-
ure 10 plots the association accuracy as a function of the number of
repetitions observed (1–10). We found that reasonable performance
is obtained with data from as few as the first 4 repetitions.
Discriminatory Power of Features: We also analyzed the associa-
tion as a function of both the frequency domain (wavelet) features
and the temporal features. From Figure 11, while we see that while
wavelet-based features have higher discriminative power (∼10%
higher accuracy) than the temporal features, the combined tempo-
ral+frequency features provides over ∼20% improvement, when the
number of concurrent users increases. Moreover, the accuracy gain
from combined feature set was higher when using a smaller (5)
repetition set, which will be important (in Section 8) for providing
effective, real-time feedback.
5.3.3 Association with Missing Sensors. We evaluate the ro-
bustness of inexact bipartite matching, applicable for scenarios
where not every user wears an earable. From the data of 4 concurrent
users, we randomly removed 1–3 streams of earable or dumbbell
signals simultaneously and obtained the association accuracy. The
association accuracy remains relatively high (≥ ≈ 80%) when only
1-2 sensors are missing, but drops to ∼69% when 3 sensor streams
are absent. Greater the mismatch between the number of earable
and IoT sensor streams, the poorer the performance of Hungarian
assignment algorithm, leading to lower association accuracy.
6 EXERCISE TYPE IDENTIFICATION
The next component of ERICA uses the inertial sensor data from
both dumbbell-mounted sensors and earable, to identify the exercise
Table 3: Exercise classification accuracy (Earable+ Dumbbell)
6-Exercise 12-Exercise 3-Exercise
10-fold CV Accuracy (%) 96.85% 92.42% 98.73%
Test set Accuracy (%) 93.72% 88.6% 96.85%
performed by each user. As illustrated in Figure 12, the accelerome-
ter data from the dumbbell sensor shows evident distinctive patterns
across exercises; for earables, the pattern is more muted, but is es-
pecially observable for lower/full body exercises. To recognize the
exercise type, we train a Random Forest (RF) classifier with time and
frequency-domain features [52] (including our new features such
as the repetition time, range of motion) extracted from individual
repetitions from both the equipment and earable sensor signals.
Table 3 reports the accuracy of exercise type detection, over (a) 6
distinct exercise types from D1, (b) 12 exercise types from D1 ∪ D2
and (c) the 3 exercises (Bicep Curls, Triceps Extension & Lateral
Raises) from D4 that are used in our final real-time feedback studies.
In all cases, we split the dataset into 75%:25% for training vs. test set,
using 10-fold cross validation for training and with balanced class
labels for both training and testing. For 6 exercise types, our model
achieves 96.85% validation accuracy and 93.72% test accuracy, with
the accuracy decreasing to 88.6% over the set of 12 exercises (due
to the similarity across certain exercises–e.g., squats & deadlifts).
From the confusion matrix (shown in Figure 13) for 6 exercises,
the largest classification error occurs between squats and side bend,
which are characterized by limited dumbbell movements. Lunges
achieve perfect precision and recall and the lowest performance is
for squats. Finally, over the set of 3 exercises for which we study
mistakes in finer detail, our exercise classifier achieves a test accu-
racy of 96.85%, which we shall see (in Section 8) to be sufficient for
providing reliable and useful feedback. Supporting our combined
sensor strategy, our experiments demonstrated a drop in classifica-
tion accuracy when only a single sensor type is utilized—e.g., the
6-exercise test accuracy was only 89.67% and 54.56% for dumbbell-
only and earable-only, respectively. While the current results are
based on data collected from coterminous sessions, our exercise de-
tection models can also evolve to adapt to the time varying changes
in users, by utilizing similar approaches as proposed in [37].
Accuracy vs. No. of Repetitions: To support a possible modality of
intra-set corrective feedback, we evaluated the classification for the 3
exercises used in mistakes analysis, over a smaller set of 𝑁={2,4,6}
repetitions in the test set. It achieves the accuracy of 90.4%, 93.2%
and 95.1%, respectively. While slightly lower than using a full 10-
repetition set, we found that the choice of 𝑁=4 was “good enough":
providing high classification accuracy while allowing feedback to
be delivered before an exercise set was halfway completed.
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Figure 14: Approaches to identify mistakes
7 EXERCISE MISTAKES DETECTION
In this section, we describe how ERICA’s Exercise Mistakes Detector
is designed to identify a variety of fine-grained mistakes commonly
occurring during exercises (listed in Table 2). In our current imple-
mentation, we focus on a set of mistakes (illustrated in Figure 15)
related to the 3 exercises we target for real-time feedback. Figure 14
shows the high-level architecture of ERICA’s Mistakes Detector,
which independently classifies each distinct mistake.
7.1 Incorrect Range of Motion (𝐼𝐶_𝑅𝑂𝑀)
An ideal execution would involve the user performing the full range
of motion, consistently across all repetitions. For our 3 target exer-
cises, as the exerciser’s hand effectively describes an arc, we focus
on analyzing the gyroscope data to determine the corresponding
angular displacement for each repetition. We first apply a band-
pass filter (range=0.1–0.5 Hz) for noise-filtering and integrate the
angular velocity readings. Figure 16 shows the axes of the dumbbell-
mounted gyroscope: given this orientation, it is straightforward to
see why the correct execution of the Bicep Curl (motion illustrated
in the figure) and Lateral Raises involve a dominant signal along the
𝑍 -axis. However, the dominant axis of the Triceps Extension is not
definite, depending on the orientation of the dumbbell and occurs as
an arbitrary vector on the plane containing 𝑋 and 𝑌 axes. To tackle
these inconsistencies, for each exercise repetition, we first infer and
apply a rotation matrix such that the dominant angular motion aligns
along one of the sensor’s intrinsic principal axes.
Each repetition’s 𝑅𝑂𝑀 is then computed as the difference be-
tween the maximum and the minimum angle along this dominant
axis. Figures 17(a) and 17(b) plots the gyroscope angular displace-
ment for Biceps Curls with full and incomplete ROM, respectively.
We analyzed our mistake-specific dataset D3, and thereby derived the
thresholds, for each of the 3 exercises, for full and incomplete 𝑅𝑂𝑀 ,
as listed in Table 4. Besides an explicit threshold-based approach, we
also explored an alternative machine learning (ML) technique, where
the classifiers were trained using the vector of raw, per-repetition
gyroscope samples. Using a leave-one-user-out cross validation with
decision tree classifier, we obtained performance that is compara-
ble (e.g., precision=0.65, recall=0.75 for Biceps 𝐼𝐶_𝑅𝑂𝑀) but not
superior to our rules-based approach. Furthermore, on dataset (D4),
the ML technique resulted in much poorer (precision/recall values
of 0.50/0.27). Accordingly, we adopt the threshold-based approach
as it is cleaner, based directly on kinematics principles and less
susceptible to labeling errors in the training data.
Table 4: Gyroscope angular displacement thresholds to detect
complete and incomplete range of motion for the three exercises
Regular Incomplete Wrist Curl
Biceps Curls 135◦ -225◦ <130◦ >230◦
Lateral Raises >75◦ <70◦ N/A
Triceps Extension >75◦ <70◦ N/A
Table 5: Drift detection regression model coefficients’ criteria
Coefficient’s magnitude & Significance Inference
𝑃𝑂𝑆𝐷𝑅𝐼𝐹𝑇
𝑎𝑏𝑠 (𝛽1) >= 2 and 𝛽1 significant from
zero at 0.01 significance level 10
◦ constant “drift"
𝑅𝑂𝑀𝐷𝑅𝐼𝐹𝑇
𝑎𝑏𝑠 (𝛽1) >= 5 and 𝛽1 significant from
zero at 0.01 significance level 25
◦ constant change in ROM
7.2 Wrist Curls
When analyzing D1, we identified frequent occurrences of mistakes
known as wrist curls in kinesiology, that is specific to the Biceps
Curls. In this mistake, illustrated in Figure 15(a), an exerciser incor-
rectly curls his wrist during repetitions, resulting in a higher ROM.
Our analysis shows that the 𝑅𝑂𝑀 threshold for “biceps exercises
with the wrist curl mistake" is greater than 230◦. Figure 17(c) shows
the angular displacements for a set of Biceps Curls with wrist curls,
while Figure 17(d) shows the signal where participants performed
only wrist curls. The figures show that wrist curls add approx. 70-90◦
of rotation, and justifies our decision to label a biceps curl repetition
as containing a wrist curl if the rotation > 230◦.
7.3 Drifts
Kinesiologists advise exercisers to keep the starting & ending po-
sitions, and the range of motion, consistent across every repetition.
Due to fatigue or other factors, they may exhibit two kinds of incon-
sistency: (a) Position Drift (POSDRIFT), where the starting/ending
positions of the dumbbell change on each repetition, or (b) Range-of-
Motion Drift (ROMDRIFT), where the ROM progressively decreases
across repetitions (increasing ROM is unlikely). Figure 17(d) and
(e) illustrate these drifts for a set of Lateral Raises.
To detect these mistakes, we apply regression models in a rolling
fashion (window size = 5 repetitions). First, we apply a linear regres-
sion to estimate coefficients for two distinct models:
POSDRIFT: 𝑌𝑚𝑖𝑛/𝑚𝑎𝑥 = 𝛽0 + 𝛽1𝑡 +𝑒 ; ROMDRIFT: 𝑌𝑅𝑂𝑀 = 𝛽0 + 𝛽1𝑡 +𝑒,
(2)
where t represents the repetition index (1-5). Table 5 tabulates how
the computed coefficients are used to determine the existence of
the corresponding error. For POSDRIFT, the criterion verifies if the
change in starting or ending positions changes consistently and by
at least 10◦ over 5 repetitions, while ROMDRIFT is declared if the
ROM diminishes by at least 25◦ over 5 repetitions.
7.4 Unwarranted Body Movements
Besides the mistakes related to the motion dynamics of the limbs,
ERICA also targets two mistakes, Body Swing and Elbow Swing
(illustrated in Figures 15(b) & (c), respectively) that involve superflu-
ous movements of the body/torso. As these errors are related to the
upper body movement, they manifest more prominently in the ear-
able sensor streams. For example, while performing Biceps Curls, a
common error is to swing the upper body back and forth; for Lateral
Raises, exercisers often swing the head back and forth. Figure 18(a)
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Figure 15: Examples of mistakes in Biceps Curls, Triceps Extension, Lateral Raises. Figure 16: Orientation of sensor
on dumbbell during Bicep Curls
(a) Full ROM (b) Incomplete ROM (c) With Wrist Curl (d) Only Wrist Curl (e) Position Drift (f) ROM Drift
Figure 17: Sample plot of dumbbell gyroscope’s angular displacement for Biceps Curls
(a) Normal execution (b) With head swing
Figure 18: Sample plot of earable’s accelerometer time series
and wavelet transform during Lateral Raise exercise.
and (b) show the time series and CWT of the earable accelerometer
stream for normal and incorrect execution of Lateral Raises.
The Body Swing detection module compares the current sensor
stream to the reference streams (obtained a-priori from experts of
varying body dimensions). After compressing/dilating each repeti-
tion data to a common duration (to account for different repetition
paces), the features of {mean, std. deviation, variance} of the CWT
coefficients of inertial sensor data are computed to assess the Eu-
clidean distance from the corresponding features on each reference
stream. The appropriate error is identified based on distance thresh-
olds across a majority of the repetitions. In contrast, the Elbow Swing
mistakes during triceps exercise are more challenging to identify
with a single equipment-mounted sensor; it is unable to apportion the
overall rotation of the dumbbell to the elbow and wrist components.
We leave detecting Elbow Swing to future works.
7.5 Performance of Mistakes Detection
We present the overall results on the mistake detection performance
evaluated on the mistake-specialized dataset D3. Table 6 shows the
precision/recall per exercise for identifying each mistake type. Note
that our main goal is to achieve high precision, conforming to a
conservative approach of providing corrective feedback only when
we are sure that a user is making a mistake.
IC_ROM & WR_CURL: The table shows that the precision for
𝑁𝑂_𝑀𝐼𝑆𝑇𝐴𝐾𝐸 is above 0.76 for Lateral Raise and Triceps Exten-
sion. For the Biceps Curl, despite low precision for 𝑁𝑂_𝑀𝐼𝑆𝑇𝐴𝐾𝐸,
the system detects the𝑊𝑅_𝐶𝑈𝑅𝐿 mistake perfectly. The low preci-
sion for Biceps Curl is explained by the fact that users exhibit diverse
Table 6: Precision(P)/Recall(R) of mistake detection.
Biceps Lat-Raises Triceps
P R P R P R
No Mistakes 0.58 0.77 0.83 0.89 0.76 0.90
Incomplete ROM 0.76 0.81 0.87 0.81 0.79 0.57
Wrist Curl 1.00 0.63 - - - -
Position Drift 1.00 0.50 0.80 0.29 0.92 0.50
ROM Drift 1.00 0.36 1.00 0.29 1.00 0.58
Unwanted Motion 0.85 0.81 0.88 0.87 0.75 0.72
𝑅𝑂𝑀 when performing this exercise, making it likely that our con-
servative mistake detection philosophy will miss many ‘borderline’
mistakes. Of the 3 exercises, the Lateral Raise has the highest and
most consistent F1-score (> 0.80 for all cases). This is likely due to
the fact that the Lateral Raise is probably the most difficult exercise
of the three for casual gym-goers, targeting the shoulder muscles
which are often not well developed. This makes the mistakes more
pronounced and easier to distinguish from a correct execution.
ROMDRIFT & POSDRIFT: Table 6 lists the average precision
and recall of identifying drift mistakes. The precision of the 𝑃𝑂𝑆𝐷𝑅𝐼𝐹𝑇
and 𝑅𝑂𝑀𝐷𝑅𝐼𝐹𝑇 detection is extremely high for all exercises, re-
flecting our conservatism of identifying a mistake only when multi-
ple statistical predicates are satisfied together (Table 5). While the
per-repetition recall is low, empirical evidence suggests that drift
mistakes persist throughout a set; our rolling window mechanism
thus has a very high likelihood (>93%) of identifying at least one
such mistake across 4-5 repetitions.
Unwanted Motion: The last row of Table 6 shows over 0.81 pre-
cision/recall in identifying the Body Swing mistake during Biceps
Curl and Lateral Raises. For Triceps Extension, the head motion is
more muted and users tend to swing their elbows often (instead of
their body), making the mistake detection less reliable.
8 LIVE CORRECTIVE FEEDBACK
To evaluate the user-centric impact from the feedback, we conducted
a user study with individual users performing natural dumbbell exer-
cises and receiving different variants of in-situ feedback. Column
D4 of Table 1 describes the user study setup.
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Table 7: Ground truth of fraction of mistakes per study group
IC_ROM ROMDRIFT POSDRIFT HR_CURL MOTION
T1 23.7% 3.0% 2.3% 3.1% 13.0%
T2 22.8% 2.5% 3.4% 0.0% 13.0%
T3 32.5% 4.0% 5.0% 3.8% 16.4%
C1 34.9% 4.6% 4.6% 0.0% 18.1%
Table 8: Precision(P)/Recall(R) of classifying exercise mistakes
NO_MISTAKE IC_ROM MOTION POSDRIFT ROMDRIFT
P 0.82 0.87 0.79 0.58 0.54Per
Repetition R 0.92 0.85 0.65 0.66 0.45
P 0.91 0.96 0.91 0.83 0.91Per
Feedback
window
R 0.98 0.93 0.85 0.95 0.84
8.1 User Study Specifics
33 participants performed 4 sets of 10 repetitions for each of the 3
exercise types (3 of them volunteered for a separate session with 6
kg weight). They chose dumbbells of their preferred weight (1.5 – 4
kg). Unlike in Section 7.5, they exercised freely and naturally, with
no instruction to mimic incorrect executions. The ERICA system
performed live monitoring of their exercise dynamics, detecting
naturally-occurring mistakes and providing relevant feedback.
To investigate how feedback timing affected user perception and
subsequent efficacy, we divided the participants into 4 groups: 3
treatment groups (denoted 𝑇 1, 𝑇 2, 𝑇 3 with 9 participants each) and
1 control group (denoted 𝐶1, with 6 participants). Groups differ in
the timing of feedback delivery: (𝑇 1) delivered within a set (after
the 5th and 10th repetitions), (𝑇 2) at the end of a set, (𝑇 3) after all
4 sets of an exercise, and (C1) no feedback provided. For 𝑇 1 & 𝑇 2,
the feedback was generated only during/after the 2𝑛𝑑 & 4𝑡ℎ sets. 𝑇 3
serves as a baseline to elicit user opinion about such feedback and is
not used as a means of determining efficacy in terms of performance
improvement. Participants filled a post-study questionnaire. Sessions
were video-recorded for ground truth annotation (of both exercises
and repetition-specific mistakes), validated by our kinesiologist.
During the exercise sessions, we streamed a license-free upbeat
music with no lyrics4 through the earable. Upon a feedback issued,
the music volume was lowered for audibility. The generated feed-
back is exercise- and mistake-specific, e.g., “Pls. be consistent &
extend arms fully", “Hold steady! Don’t swing your body". When
multiple mistakes are detected, the system generated one combined
message. When no mistake is detected, ERICA delivered encourag-
ing statements such as “Well done, keep going".
8.2 Results
Given this study’s focus on assessing feedback alternatives on users,
we assume perfect knowledge of the device association and exercise
classification. Table 7 shows the breakdown of ground-truth mistake
labels per study group; across all groups, 30-50% of repetitions
included at least one mistake, indicating the value of ERICA.
8.2.1 Mistake Identification Performance. Table 8 lists the per-
repetition precision and recall for mistake-type identification. The
performance was especially lower in the case of identifying POS-
DRIFT and ROMDRIFT. There was no WR_CURL mistake, but 3
4https://www.youtube.com/watch?v=4qkJ_nAG_w0
Figure 19: Fraction of mis-
takes across 4 exercise sets
Figure 20: Timeliness of the
feedback delivered for 𝑇 1
participants incorrectly performed hammer curls (HR_CURL) in-
stead of bicep curls, which were detected with precision=0.99 &
recall=0.93 across all HR_CURL repetitions.
Note that ERICA only requires the mistakes to be detected once
within a feedback delivery window (e.g., once in a sequence of
5 reps for 𝑇 1, and so on). With this alternative metric, the per-
feedback-window precision and recall (also detailed in Table 8) for
each mistake is much higher, with average 𝑃 = 0.9 & 𝑅 = 0.91.
8.2.2 Characteristics of Exercise Mistakes: We observed the
following relevant properties of exercising mistakes:
• As shown in Table 7, the control group (𝐶1) has the highest mis-
take rate followed by 𝑇 3. For 𝑇 1, we observed that the mistake
rates during the 3𝑟𝑑 and 4𝑡ℎ sets were about 10% lower compared
to the earlier two sets. Additionally, we observed that of the 𝑇 1
sets where a mistake was flagged after the first 1-5 reps, 68% of
these sets did not have an instance of the same mistake in the latter
(6-10) reps, demonstrating the efficacy of intra-set feedback. More
precisely, 𝑇 1 users had a higher rate of self-correcting {MOTION,
POSDRIFT, ROMDRIFT}, while only 37% of IC_ROM mistakes
were eliminated in the second half of the set. Across all study
groups & exercise types, the 4𝑡ℎ set had the highest rate of mis-
takes, possibly due to the elevated fatigue levels. Figure 19 shows
the fraction of mistakes across 4 sets for all the study groups.
• From the voluntary session with heavier weights, the participants
made 23% mistakes (an increase of ≈ 5% from their previous
mistake rate), mainly during Lateral Raises and Triceps Extension.
• Concurrent mistakes were observed in 21% of the 396 total sets
(most common combinations: IC_ROM and MOTION). Of these,
66% of the incorrect repetitions were identified by ERICA .
• Across all the users, the standard deviation of mistake detection
accuracy was 6.2. Among the various mistakes, a higher person-
to-person variation in the detection accuracy was observed for
IC_ROM mistake. We also study the dependency of making this
mistake, and the corresponding detection accuracy, for different
user attributes (e.g., height of the user). We found that the propen-
sity of making IC_ROM mistake is 7% higher among individuals
who are shorter than 160 cm. This provides preliminary evidence
that use of additional individual-level static attributes (e.g., height,
weight, expertise), obtained via out-of-band mechanisms, might
allow personalization of ERICA (after the “association" process
has identified the user) and further improve its accuracy.
8.2.3 Accuracy and Timeliness: As expected, longer observa-
tion windows yielded higher accuracy of feedback delivery. For 𝑇 1,
feedback accuracy was 94.4% at the end of just 5 repetitions; 𝑇 2
marked 98.15% at the end of an exercise set, while𝑇 3 achieved 99%
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(a) Frequency of feedback (b) Correctness of feedback
Figure 21: Survey responses per treatment type.
at the end of 4 entire sets. Only 2% of all the sets (across all study
groups) had all repetitions incorrectly classified-i.e., where incorrect
feedback was delivered. Figure 20 plots the CDF of such delays, i.e.,
the time gap between the end of the observed repetitions and the
actual feedback delivery. We see that the average is less than 2.5
secs (approx. 1 rep duration) across all 3 treatment groups.
8.2.4 Post-Questionnaire Responses. We now present selected
results from our post-exercise questionnaire, which elicited responses
on (a) the appropriateness of the feedback frequency, (b) perceived
correctness of feedback, and (c) usefulness of feedback.
• Figure 21(a) supports that the participants prefer feedback either
within a set (T1) or immediately after a set (T2). 78% in 𝑇 1
and 67% in 𝑇 2 perceived the frequency of the feedback to be
appropriate, while only 22% of users in 𝑇 3 expressing such.
• From Figure 21(b), we observe that ≈90% of the participants were
positive about the correctness of their feedback–each group had
only 1 user respond ‘Unsure/No opinion’.
• When probed about the utility of a ERICA-like service in future,
83% of the participants answered affirmatively, indicating that
they would value and use (based on their experience with ER-
ICA) a service providing corrective feedback during free-weights
exercises in a gym.
9 END-TO-END SYSTEM EVALUATION
In this section, we present the end-to-end performance evaluation of
ERICA. Due to the COVID-19-related restrictions, we were unable to
invite multiple concurrent users at a gym. Instead, we emulate such
concurrent exercise situations by utilizing the dataset, D4, as part of a
simulator that replays sensor traces from multiple users concurrently
through an operational ERICA system. We then evaluate the overall
system accuracy of delivering the right feedback and the latency of
feedback delivery. For exercise classification, we trained the model
using the data for 3 exercises from D1. From D4, we choose different
combinations of 𝑁 users (𝑁={5,10,15}), repeating each experiment
5 times. To mimic a real-world scenario where concurrent users may
have staggered start times, the simulator modifies the timestamps
of all sensor streams such that their starting instants are distributed
uniformly over a period 𝑇 (we set 𝑇=50 secs, as before).
The simulations were carried out on a desktop computer that has
16GB RAM and 8MB cache memory. Besides quantifying the accu-
racy of individual components and the overall system, the simulator
computes the feedback latency by noting the difference between
the time when a repetition finishes and when the user feedback was
transmitted. We present the key results below.
System Accuracy: Figure 22a shows the overall accuracy of the
feedback delivered for the different feedback timings (treatment
groups) as the number of concurrent users vary. For 𝑇 1, where the
Table 9: Mean & std dev (in brackets) of accuracy(%) of ERICA









After 5 reps (𝑇 1) 77.29 (8.8) 84.00 (10.8) 95.45 (3.7) 96.4 (4.6)
After a set (𝑇 2) 87.76 (6.5) 90.67 (8.9) 100 (0) 96.8 (3.6)
After 4 sets (𝑇 3) 89.76 (8.5) 90.67 (13.8) 100 (0) 99.0 (1.0)
(a) Accuracy of feedback (b) Timeliness of feedback
Figure 22: ERICA’s overall accuracy and timeliness of feedback
given for 𝑁={5,10,15} concurrent users
feedback is generated after the first 5 repetition, ERICA achieve an
accuracy of 91.2%, 90.8% and 77.3%, respectively, for 𝑁={5,10,15}
users. For treatments 𝑇 2 (end of set) and 𝑇 3 (end of all sets), the
end-to-end feedback accuracy increased significantly, to 87.7% and
89.7% respectively, even in the presence of 15 users. Table 9 shows
the performance of individual ERICA components for 𝑁=15 users.
We can see that the overall drop in accuracy in this case (compared
to 𝑁 = 5 or 10) is due to the lower association accuracy. However,
in our view, the scenario of 𝑁 = 15 users concurrently performing a
very small set of dumbbell exercises is an extreme one, very unlikely
to occur in practice, except for synchronized group exercises.
System Latency: Figure 22 shows the turnaround time of the system
for varying 𝑁 . We can see that even when there are 10 concurrent
users, ERICA generates feedback within 2-2.5 seconds (approx. 1
repetition period) after the detection of a mistake. For the case of 𝑇 1
(where feedback is delivered within a set), individuals may experi-
ence a feedback delay of about 1 repetition. The latency increases by
nearly a second as 𝑁 increases to 15. We acknowledge that it may
be challenging for the system to offer instantaneous, per-repetition
feedback (i.e., within 250-500 milliseconds after each repetition).
ERICA is more suited to offer feedback base on analysis aggregated
over multiple (2-3) repetitions. We have demonstrated earlier (in
Section 8) that users are appreciative of such aggregated but real-
time feedback and that such feedback causes an observable drop in
incidents of incorrect exercise execution.
Figure 23: Lifetime of
the Earable & IoT sensor
when running ERICA
Energy Consumption: We next
study the energy consumption of
ERICA on the earables and IoT
sensor. For this, we deduce the bat-
tery lifetime of the devices when
running the ERICA system for a
reasonable gym usage scenario.
The IoT sensor has three differ-
ent modes of operation: “power-
saving" (𝑃𝑆), “advertising" (𝐴𝑑𝑣)
and “connected" (𝐶)[9]. For both the devices, we measure the current
usage for its different operating modes using a multimeter. For the
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Table 10: Current & power consumption (earable & IoT)
Current (mA) Power (mW)
Earable (40 mAh LiPo battery)
Sensing + Sending Data Only 8.6 –
Sensing, Sending data & Streaming Music 18 –
IoT Sensor (48 mAh BR1225 coin cell battery)
Power Saving 1.52 4.56
Advertising 1.67 5.04
Connected & Sensing 2.77 8.33
IoT sensor, we also obtained its continuous power consumption us-
ing a Monsoon power monitor. Table 10 shows the battery capacity,
current and power consumption for the earables and the IoT sensor.
We study the lifetime as a function of the number of exercise
sets per hour, assuming a single set to last 1 min. The IoT sensor is
assumed to be in 𝐴𝑑𝑣 mode for 30 secs before entering the 𝐶 mode
(during a set), and remains in 𝑃𝑆 otherwise. We propose to use simple
self-powered motion triggers (e.g., electromagnetic generators [31,
46]) to detect when the dumbbell is picked up and switch from 𝑃𝑆 to
𝐴𝑑𝑣 mode. Given this scenario and based on the current & voltage
readings, we deduce the maximum lifetime of both the devices.
Based on these assumptions and power measurements, Figure 23
plots the lifespan of both the devices. We see that even under a
very high workload (20 sets per hour for each dumbbell), the IoT
and earable sensor can last for ≈105 and ≈ 6.5 hours, respectively.
Interestingly, music streaming has a higher power consumption on
the earable than inertial sensing–when the earable additionally plays
music continuously, the earable’s battery life reduces to ≈ 2.7 hours.
10 DISCUSSION
Choice of Mistake Thresholds: ERICA currently adopts a conserva-
tive (high precision) mistake detection approach, with the threshold
choices driven by a desire to not annoy users with corrective feed-
back unless absolutely certain. In other settings, the system may
prefer higher recall at the expense of precision: for example, for
novice users or with heavier weights, we may desire a more ag-
gressive corrective strategy so as to avoid potential injury. While
ERICA’s efficacy (and consequent user reaction) in such scenarios
remains to be empirically validated, we believe that ERICA itself
can be adapted to different precision-vs-recall imperatives.
Exercise Classification with Null Class: It is useful to verify that
the “Exercise Type Identifier" (which currently handles 3 popular
exercise types) is extensible and can operate in real-world gyms
where dumbbells are used for a wide variety of additional repetitive
exercises. To test this, we re-trained our exercise classification model
to include a fourth “null" class, containing balanced data samples
from the other 3 exercises in D1. This model sustained a high test
accuracy (95.70%), confirming that ERICA can operate reliably
while progressively adding new exercises to its corpus.
Extensibility and limitations: The current ERICA implementation
supports feedback for three of the most popular free-weight dumb-
bell exercises. Sections 6 and 7 have, however, shown that ERICA
can identify several additional dumbbell/barbell exercises and mis-
takes, demonstrating that ERICA can be extended to track a larger
set of exercises and mistakes. To demonstrate the applicability of
ERICA’s approach of combined equipment+ earable instrumenta-
tion, we also conducted a small-scale experiment applying ERICA
to “weight machine" exercises. We recruited 12 participants for 3
types of exercises (standing cable lifts, bent over side lateral, up-
right cable row) with a cable pulley machine. Using data from the
participant-worn earables and machine-attached inertial sensors, we
obtained association and exercise classification accuracy of 65.3%
and 96.7, respectively. Although the association may appear poor,
note that these results use an unmodified ERICA model that is not
trained with these new exercises. Moreover, while our studies in-
volved users naturally using one dumbbell at any instant, ERICA
itself can support double-handed exercises, as the association logic
performs (dumbbell, equipment) pairing in an independent fashion.
However, we acknowledge the limitations of ERICA: it does not
apply to free-standing, equipment-free exercises (e.g., yoga, pilates),
nor can an ear-mounted sensor capture certain postural mistakes
(e.g., appropriate leg separation). Also, ERICA is inherently not tar-
geted to support group-based weight training exercises (e.g., a gym
class led by an instructor), as its association logic is not designed for
tightly-synchronized exercise execution.
Prospects with future earables: We expect future earables to pos-
sess additional sensors and be capable of capturing attributes be-
yond such motion dynamics. Taniguchi et al. [44] presented an ear
canal-based photo sensor to measure respiration rate (which has
been used [6] to determine the anaerobic threshold), while Vogel
et al. [49] have demonstrated the use of in-ear PPG to derive heart
rate. Such physiological signals can not only help in capturing the
propensity of fatigue-induced mistakes, but may also be useful for
association & exercise classification by providing additional discrim-
inative physiological features.
11 CONCLUSIONS
We have demonstrated the ERICA system which judiciously com-
bines inertial sensor data from an in-ear device and a dumbbell-
mounted sensor to (a) accurately disambiguate concurrent users
(performing free-weights exercise) in a dynamic multi-user, multi-
equipment setting, (b) identify a set of commonplace mistakes at
individual repetition-level, and (c) provide appropriate in-situ cor-
rective feedback. Using real-world studies conducted with 33 partic-
ipants, we show that ERICA can identify a variety of commonplace
mistakes across 3 popular exercises with 94% accuracy and provide
timely corrective feedback while handling practical multi-user sce-
narios with even 15 concurrent users. We also establish the efficacy
of the feedback and user preferences on feedback timing. We believe
that this system can act as a novel personalized, unobtrusive digi-
tal exercise coach for individuals performing free-weight exercises.
More generically, ERICA expands the possibilities around position-
ing an earable as a preferred and convenient wearable platform,
demonstrating its use in tandem with other inexpensive IoT sensors.
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